is that in societies with more income inequality, people will pay more attention to positional goods because such goods signal higher social status.
In our study, we tested this prediction directly. We used U.S. states as our units of analysis and the terms used in Internet searches for positional goods as a behavioral signature of status concern. We predicted that the relative proportion of searches for status-related goods would be associated with state-level income inequality after controlling for potentially confounding factors. We used millions of Internet queries aggregated by Google Correlate (GC; http://www.google.com/trends/correlate). GC allows search frequency to be linked to temporal data (time series) or spatial data (U.S. states). The algorithm behind GC calculates a minimum search frequency for each term; any frequency below this value is not provided and is fixed at that value. The output of a GC search is a list of search terms and their correlations with the variable of interest. Although it is still little used in social sciences (but see Neville, 2012 ), GC's algorithm can reveal important societal trends by analyzing results from millions of Google searches since 2004. The U.S. Census Bureau (2014) reports that 74.8% of U.S. households have Internet access, and in 2013 alone, more than 2.1 trillion queries were submitted to Google Search (StatisticBrain.com, 2015) . This makes for a large and wide-ranging data set.
For the current study, we developed a novel methodology to overcome two potential limitations of using GC as a tool for social analysis. The first concerns the possibility of spurious correlations. If any search term can be selected and its correlation with some independent variable can be examined, there is an associated risk of false positives and "correlation hunting." Second, zero-order correlations between a predictor (e.g., income inequality) and searchterm frequency could reflect effects of other variables (e.g., income) that are confounded with the variable of interest. The first problem was addressed by using a predictor variable, such as income inequality, as input to GC and taking the resulting search terms as the output. There was therefore no selection by the researcher of items to be correlated. We overcame the second problem by not using the variable of interest itself as the input for GC. Instead, we predicted the target variable (i.e., income inequality) from potential confounds (e.g., income) and used the resulting residuals as the input to GC. Thus, our approach enables analysis of the effect of inequality when other variables are controlled for. For each U.S. state, we obtained 5-year estimates of income inequality, household income, population, percentage of foreign-born residents, and percentage of the population in urban areas from the U.S. Census Bureau (2010, 2012a, 2012b, 2012c, 2012d) . These data were derived from the 2008 to 2012 American Community Surveys and the 2010 U.S. Census. In the regression, we used the log-transformed mean household income (in 2012 inflation-adjusted dollars), which is an aggregate measure across family and nonfamily households including every member older than 15 years. Foreign-born residents were defined as citizen and noncitizen residents who were born outside of the United States. Our dependent variable, the Gini coefficient, ranged from 0 to 1 and represents income inequality (1 = highest inequality). Finally, we used 2013 estimates of the total population for each state based on the 2010 Census (the most recent available). In all analyses, the District of Columbia was excluded.
Method

Variables and estimation
Regression residuals from our model were saved and submitted to GC on August 25, 2014. Residuals used in the analysis are available at https://osf.io/fitgz. The output of GC was the 100 search terms whose frequency was most highly correlated with these residuals; the Pearson's correlation coefficients for these terms were all greater than .6. We saved the 40 search terms whose frequency of use was most positively correlated with the residuals and the 40 whose frequency of use was most negatively correlated with the residuals. Figure 1 illustrates correlations between six specific search terms and residuals of the income-inequality model.
Term rating
We asked 60 individuals on Amazon Mechanical Turk to perform a simple rating task to determine whether the search terms in our results were related to status goods. The sample size was determined a priori so that there was at least a 95% chance of detecting a large effect size. Each participant was first given the following definition of a status good: Some things that people are interested in, or like to buy or find information about, are things that show how rich or successful they are compared to other people. These are sometimes called "positional goods" or "status goods". Someone who buys such goods may be particularly concerned to demonstrate their social status.
Each participant was asked to indicate whether each term was likely to be related to this class of goods by clicking on-screen buttons labeled "yes" and "no." Each participant was also able to select "not sure" if he or she was not familiar with the search term. Terms were presented on screen individually in a random order. Each participant was paid $1.00.
Results
The results of the regression analysis are presented in Table 1 . Figure 2 shows a state-by-state heat map of the residuals from the regression analysis along with heat maps of positive correlations between frequency of two example search terms and residual income inequality from the regression analysis. Normalized Search Activity
Normalized Search Activity Fig. 1 . Examples of the correlations between the normalized residual Gini coefficient and frequency of search terms. The scatter plots (with bestfitting regression lines) show results for three search terms that had positive associations (left panel) and three search terms that had negative associations (right panel) with income inequality. Each data point represents a U.S. state. The algorithm behind Google Correlate calculates a minimum search frequency for each term; any frequency below this value is not provided and is fixed at that value. The 40 terms whose normalized search activity on Google were most positively correlated with our measure of residual income inequality, and the 40 terms whose relative search frequencies were most negatively correlated, are presented in Table 2 . It is clear that the majority of search terms that were positively associated with our measure of income inequality refer to positional goods. The search terms included luxury brands (e.g., "Ralph Lauren," "David Yurman jewelry") and material possessions such as furniture, jewelry, and shoes. Search terms that were negatively correlated with income inequality, in contrast, include terms clearly unrelated to status goods (e.g., "chicken bake," "lemon bars recipe," "chick flick movies").
We calculated the proportion of "yes" responses (i.e., judgments that the item was related to status) out of all "Ralph Lauren" "fur vests"
Residual Income Inequality Fig. 2 . Heat maps illustrating income inequality in the United States and correlations between frequency of search terms and state income inequality. The top map shows residual income inequality for each U.S. state. Redder states had higher income inequality. The bottom maps show the level of correlation for search terms that were positively associated with residual state income inequality. Redder states had greater positive associations.
"yes" and "no" responses for each of the 80 search terms, excluding the "not sure" answers. 
General Discussion
We found that search terms that occur with relatively higher frequency in states with greater residual income inequality are more likely to concern status goodsdesigner brands, expensive jewelry, and so forth-than nonstatus goods. Our results are consistent with findings that income inequality increases the general consumption of middle-income households, even after controlling for those households' own income (Bertrand & Morse, 2013) . Bertrand and Morse suggest that the additional consumption is particularly tilted to more visible goods (see also Bricker et al., 2014) .
Our results go beyond existing expenditure-based data by showing that when income inequality is high, additional cognitive resources and time, proxied here by Internet searching, are allocated to status-relevant goods (which may or may not actually be purchased). We interpret the results in terms of the social-rank hypothesis of income inequality (Brown et al., 2014) . This notion is consistent with evidence suggesting that status goods serve an evolutionary signaling role (Saad, 2011) and that an individual's subjective well-being is predicted not by their income but by the ranked position of their income within a social comparison group (Boyce, Brown, & Moore, 2010) . Further research will be needed to explore the consequences of devoting increased time and resources to status-related activities at the likely expense of alternatives that may be more conducive to the health and wellbeing of self and society. For example, our mechanism offers potential for understanding how materialism exerts a detrimental impact on well-being (Kasser, 2003) .
We also draw a methodological conclusion about GC's potential in social science. We suggest that problems such as high risk of spurious correlations and confounding variables can be overcome if the researcher (a) does not select items to be correlated, and (b) uses residuals rather than potentially confounded variables.
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